1 8 1. For bumble bees, colonies (not individual workers) are the functional unit of the population. 1 9 Estimates of colony density are thus critical for understanding population distribution and 2 0 trends of this important pollinator group. Yet, surveys of bumble bee colonies and other taxa 2 1
Abstract 1 8
Introduction mark-recapture methods while simultaneously examining the factors that influence imperfect 1 0 0 detection of nests. We first discuss the general application of closed-population modelling 1 0 1 approaches to estimate the abundance of cryptic sessile organisms. We then review a classic 1 0 2 catalogue of model structures that can be used to correct for systematic bias in detection 1 0 3 probability, along with their specific relevance to our study of bumble bee nest density. We fit 1 0 4 these models to empirical data and examine the consequences of imperfect nest detection in a 1 0 5 field setting. Finally, we conduct a simulation to illustrate the (spurious) variability induced into 1 0 6 count data by imperfect detection, and to demonstrate that this approach can be usefully applied 1 0 7 in cases where a large number of sites are only visited twice. Our study emphasizes the utility of 1 0 8 mark-recapture approaches for examining the ecological correlates of nest density for social 1 0 9 insects, and outlines a strategy for surveying bumble bee colonies with imperfect detection. Closed population models can be used to estimate abundance while accounting for 1 1 2 imperfect detection when the processes of birth, mortality, and movement do not alter the 1 1 3 number of individuals in plots over the course of a study (i.e., when the population is 1 1 4 "demographically closed" across the sampling period). For sessile organisms, this assumption is 1 1 5 satisfied when birth and death processes are unlikely to occur across the sampling period. Individuals can also be censored if they are known to have died during the sampling period. Otis et al. (1978) outlined a classic catalogue of model structures that can be used to 1 1 8 examine drivers of variation in detection probability for closed populations. We adopt this 1 1 9 framework for our analysis of bumble bee nests to demonstrate how these models can be applied 1 2 0 to studies of sessile organisms and to link our specific study system to a well-defined body of 1 2 1 mark-recapture research. Mathematical descriptions of each model are presented in Table 1 .
The simplest model,
‫ܯ‬
, estimates a single detection probability that is common across 1 2 3 all nests and sampling occasions. In reality, individuals may differ in their probability of being 1 2 4 detected, a phenomenon known as individual heterogeneity. Consequently, the model ‫ܯ‬ ு 1 2 5 estimates both a mean and variance in detection probabilities across nests (i.e., individual 1 2 6 random effects). In our study of bumble bee nests, this could be due to unmeasured differences in 1 2 7 the worker activity level or the location of nests that increase the probability particular nests will 1 2 8 be detected. Similarly, the model ‫ܯ‬ ் estimates a mean detection probability across nests and a 1 2 9 variance in detection associated with visits (i.e., a temporal random effect). For bumble bees, this 1 3 0 is could be due to temporal variation in colony size, ambient temperature (which potentially 1 3 1 affects activity level), or seasonal changes in vegetation within plots that alter the probability 1 3 2 nests will be detected on each visit. The model ‫ܯ‬ described by Otis et al. (1978) accounts for a 1 3 3 discrete behavioral change in organisms that affects their individual detection in subsequent 1 3 4 marking occasions, commonly referred to as "trap-shyness" or "trap-happiness". In studies of 1 3 5 sessile organisms, rather than behavioral changes of the study organisms themselves, this researchers or if researchers remember the location of individuals (in this case, nests) they have 1 3 8 previously located. Either of these scenarios would result in different detection probabilities for 1 3 9 initial and subsequent capture events in studies of sessile organisms. Although not explicitly described by Otis et al. (1978) , fixed effects of explicit covariates 1 4 1 can also be incorporated to examine the drivers of variation in detection probability (Kéry and 1 4 2 Schaub 2012). These can include age or size of the organism, habitat covariates, or explicit 1 4 3 temporal covariates (e.g., to examine temporal trends in detection). In our study, four of the eight these effects could be incorporated to generate deeper insights into the processes influencing nest 1 5 0 abundance surveys, rather than to exhaustively examine the diverse suite of (potentially 1 5 1 interacting) factors that influence nest detection. We conducted searches for bumble bee nests in three survey plots located at Appleton area and not used for agriculture, although each plot is mowed annually to prevent succession. Two plots were adjacent to one another, while the third plot was located approximately 1,000 to detect bumble bee movement near nest entrances. We extracted hourly ambient air 1 7 7 temperature measurements during each survey from the nearest weather station (approx. 9.5 km 1 7 8 away); ambient air temperature could affect bumble bee metabolism and nest activity, which 1 7 9
could influence our ability to detect nests. Finally, we also recorded the time of day of each The foundation of mark-recapture approaches is the encounter histories of individuals (in this and not detected on the first and fourth survey. The entire encounter history '0110' for individual 1 9 5 ݅ therefore occurs with probability
The actual encounter 1 9 6 history (i.e., the observed sequence of 0's and 1's) is assumed to arise from a series of Bernoulli probability, analogous to a logistic regression. We fit the series of closed population models described in Table 1 using the empirical nest 2 0 0 encounter histories generated by our repeated surveys of plots. We fit models using Bayesian 2 0 1 methods, outlined by Kéry and Schaub (2012, ch 6); though we note that such models can also 2 0 2 be fit in a frequentist framework using maximum likelihood approaches. Bayesian analysis 2 0 3 allows for random effects to be easily incorporated, for nests to be right-censored part way 2 0 4 through the study (e.g., if a nest was known to have failed, which violates an assumption of 2 0 5 closed population models), and for uncertainty in parameter estimates to be easily propagated to also see our implementation of this approach in Supplementary Material 1). we estimated; see Results section and Fig. 1a ). We then simulated the number of nests observed 2 2 2 on a single visit to each plot by drawing from a binomial distribution with 5 trials for each plot 2 2 3 (i.e., one for each nest). We used this simulation to evaluate 1) the degree of spurious variability 2 2 4 introduced into counts simply by imperfect detection, and 2) whether the closed population 2 2 5 mark-recapture approach could correct for this spurious variability with only two visits to each 2 2 6
plot.
7
To facilitate the straightforward application of this analytical toolkit to other studies of We located 18 bumble bee nests across the three survey plots (10, 5, and 3 nests in each 2 3 5 plot, respectively). All nests were constructed by Bombus impatiens, except for one that was constructed by B. bimaculatus. We used all nests for subsequent analysis. The number of nests 2 3 7 located on single visits to each of the three plots ranged from 0 to 6, 0 to 3, and 0 to 3 for each 2 3 8 plot, respectively. The three plots were searched 11, 16, and 14 times by at least 6 different 2 3 9
observers. logit scale) of 0.79 (95% CRI = 0.14 to 1.84; Fig. 1b) . Similarly, a model that included (95% CRI = 0.10 to 1.29; Fig. 1b ). We note that there was substantial uncertainty associated with 2 4 9 estimates of both individual and temporal random effects, as is common for random effect 2 5 0 models fit to relatively sparse data (Kéry and Schaub 2012).
5 1
There was weak evidence for different detection probabilities between the first and 2 5 2 subsequent capture occasions (Fig. 1c ). Thus, nests were not more likely to be detected after their 2 5 3 initial discovery.
2 5 4
A model including different detection probabilities for nests within each survey plot 2 5 5
‫ܯ(‬ ௧
) indicated nest detectability varied systematically across plots (Fig. 1d ). Under this 2 5 6 model, median estimates of detection probabilities in each plot were 0.36 (95% CRI = 0.27 to 2 5 7 0.45), 0.23 (95% CRI = 0.14 to 0.33), and 0.26 (95% CRI = 0.15 to 0.41). The probability that 2 5 8 detection probability was greater for nests in plot 1 than plot 2 was 0.98 (calculated directly from 2 5 9 posterior probability distributions).
6 0
We then constructed a series of models to examine effects of specific covariates on p. 95% CRI = -0.69 to -0.09; Fig. 1e ).
6 7
Model results -nest abundance 2 6 8
Across all eight models, median estimates of nest abundance were in close agreement. All models estimated approximately 10, 5, and 3 nests in each of the three plots, respectively 2 7 0 (Fig. 2) . The corresponding median estimate of nest density in each plot was therefore 33.3, 16.7, 2 7 1 and 10 nests·ha -1 . Consequently, on single surveys of each plot, we located approximately 0-60% 2 7 2 of the nests in plots 1 and 2, and 0-100% of the nests in plot 3. interval was 18 to 20, and the probability that the true abundance was greater than 18 was 0.25. Notably, the credible intervals for estimates from model ‫ܯ‬ ு were wide relative to other models. This reflects two important features of individual heterogeneity: 1) a fraction of nests have 2 8 0 extremely low detection probabilities and it is difficult to estimate how many remained 2 8 1 undetected, and 2) the existing amount of heterogeneity is difficult to estimate, especially with 2 8 2 low sample sizes (see Fig. 1b ).
8 3
Given that our counts of bumble bee nests were subject to substantial observation error, analysis revealed that based on single visits to each field, the incorrect rank-order of density 2 8 9
between plots arises 70% of the time despite large differences in the relative density of nests in 2 9 0 each plot. Strikingly, the incorrect rank order between plots 1 and 3 arises 17% of the time, 2 9 1 despite a three-fold difference in estimated nest density between these two plots (33.3 vs 10 2 9 2 nests·ha -1 ). Next, to quantify the effort needed to reliably estimate differences in nest density 2 9 3 between plots, we sequentially re-fit model M 0 for different numbers of visits. With our small 2 9 4 number of plots and so few nests initially detected, the model would not converge with only 2 2 9 5 visits to each plot. This also occurred when models were fit with maximum likelihood in 2 9 6
program MARK instead of using Bayesian methods. The model converged with 3 visits to each 2 9 7
plot, but uncertainty associated with abundance estimates was extremely large (Fig. 3 ). After 5 2 9 8 visits to each plot, clear differences in abundance between plots 1 and 3 were apparent. As with a mean of 1.51 and standard deviation across plots of 0.95 (Fig. 4, dashed line and dots) . Thus, based on a single visit to each plot, there is considerable (but spurious) variation in nest 3 0 8 abundance across the 40 plots. We then simulated a second visit to each plot, fit mark-recapture 3 0 9 model ‫ܯ‬ to the resulting encounter histories, and estimated the number of nests in each plot each plot and the credible intervals ( Fig. 4; gray Our study is the first to apply mark-recapture methods to estimate the density of bumble bee bees, imperfect detection of nests must be properly accounted for.
2 6
Our estimate of detection probability is well within the range of reported rates for surveys of freshwater mussels (Reid 2016). These studies use mark-recapture approaches to improve 3 3 0 estimates of density or occupancy on the landscape for sessile organisms that are not perfectly 3 3 1 detectable, and our study adds bumble bees to this list of taxa. The range of bumble bee nest densities we detected are comparable to those reported in nests in UK gardens and countryside habitats. Of our three plots, the highest density we detected 3 3 5 was 33.3 nests·ha -1 , similar to hedgerow (29.5 nests·ha -1 ), garden (35.8 nests·ha -1 ), and fence line 3 3 6 (37.2 nests·ha -1 ) habitats reported in Osborne et al. (2008) . Notably, Cumber (1953) is the only 3 3 7
other study to report higher nest densities than these; his estimate of 48.6 nests·ha -1 was based on 3 3 8
intensive free searches of a refuse dump in England. Conversely, our lowest density plot 3 3 9
contained 10 nests·ha -1 , which is similar to the density of 10.9 nests·ha -1 reported in Harder 3 4 0 (1986) who intensively surveyed a successional field in Ontario, Canada. This estimate is also 3 4 1 similar to the lowest densities in Osborne (10.8 nests·ha -1 in woodland and 11.4 nests·ha -1 in 3 4 2 short grassland habitat). Therefore, our three plots seem to have captured the range of nest densities observed in other studies, if we restrict these studies to those with intensive search 3 4 4 effort and extremely high detection probabilities.
4 5
Other studies have reported far lower nest densities than those in our study or those in are ultimately hampered by differences in survey efforts, and thus, differences in detection error. density ranging from 1.4 to 3.6 nests·ha -1 similar to the range of nest densities discovered by 3 5 0 bumble bee "sniffer dogs" (O'Connor et al. 2012 (O'Connor et al. , 2017 . Both of these studies acknowledge that 3 5 1 detection error is likely substantial for these methods. Molecular studies also typically yield 3 5 2 estimates of nest density that are 1-2 orders of magnitude lower than intensive ground-based 3 5 3 searches (range: 0.13 to 1.9 nests·ha -1 ; Supplement 2). Several molecular studies have used ad- hoc approaches to account for imperfect detection, but these approaches likely under-estimate larger spatial extents than ground-based surveys, and likely incorporate areas that are unsuitable for nesting (e.g., water bodies). Formal mark-recapture approaches are necessary to understand 3 5 8
the degree to which variation in nest density between studies is driven by ecologically relevant 3 5 9
factors (e.g., variation in habitat quality, differences in spatial scale at which studies occur) 3 6 0 versus unresolved differences in imperfect detection. In addition to estimating overall probability of nest detection, we found that nest detection 3 6 2
declined when surveys were conducted later in the day and in warmer temperatures (Fig. 1e ).
6 3
Based on estimates from model ‫ܯ‬ ௨
, mean detection probability during 6 am surveys was 0.40 3 6 4 (95% CRI = 0.31 to 0.50), but was only 0.05 (95% CRI = 0.01 to 0.17) for surveys initiated at 6 3 6 5
pm. This result is consistent with Kwon and Saeed (2003) who found that colony traffic and 3 6 6
foraging activity of Bombus terrestris declined throughout the day and when temperatures were Although we did not measure them in our study, other factors could also influence colony 3 7 3 activity, and in turn, the probability that nests are detected on a given survey. For example, larger All data and code associated with these analyses will be archived in Dryad Digital
Repository upon acceptance of this manuscript. 
